Abstract-The increasing prevalence of diagnosed diabetes has drawn attentions of researchers in recently years. Research has been done in finding the correlations between diabetes prevalence with socioeconomic factors, obesity, social behaviors and so on. Since 2010, diabetes preventive services have been covered under health insurance plans in order to reduce diabetes burden and control the increasing of diabetes prevalence. In this study, a hierarchical clustering model is proposed by using ExpectationMaximization algorithm to investigate the correlations between the uninsured and diabetes prevalence rates in 3142 counties in United States for years from 2009 to 2013. The results identified geographic disparities in the uninsured and diabetes prevalence rates of individual years and over consecutive years.
I. INTRODUCTION
Researches and statistics have shown that diabetes prevalence rate has been increased significantly in the world over the last decade [1] [2] [3] , and will continue to increase rapidly over years to 300 million cases in 2025 [4] . Some research have been done to investigate associations between health insurance and patients with diabetes [5] [6] . These research mainly concentrated on evaluating health insurance on providing treatment and access to the care for the patients if they have been diagnosed with diabetes. The research results provided valuable information into the effectiveness of health insurance in the reactive care model of health care. Starting from late 2010, certain preventive health care services are covered under some health insurance [10] [12] . Diabetes screening is the one of the preventive services that are under the coverage. However, this study is the first to investigate the correlation between health insurance (uninsured rate) and the diabetes prevalence in geographic regions by using machine learning algorithm. The previous related research used statistic analysis, such as regression analysis [11] to determine the correlation between diabetes prevalence with other socioeconomic factors. The results of this research will shed the light on whether the improving insurance rate (reducing uninsured rate) has a positive correlation with reducing diabetes prevalence rate, especially when diabetes screening is under the coverage of health insurance starting from 2010.
In this research, we proposed a hierarchical clustering model based on Expectation-Maximization (EM) algorithm to identify the geo-clusters on the U.S. map based on the correlations between diabetes prevalence rate and uninsured rate. The experimental data sets included in this research are the estimates of the prevalence of diagnosed diabetes that was published by Centers for Disease Control and Prevention (CDC) [13] and the estimates of the uninsured that was published by United States Census Bureau [14] . The first level EM model was employed to identify the county-level geoclusters based on the correlations between diabetes prevalence and uninsured rate of an individual year. The second level EM model is based on the results of the first level, which is used to identify the geographic regions that have similar correlations between these rates over consecutive years. The results show that there are disparities in the correlations in different geographic regions in each year. The correlation analysis over the years shows that counties in the North Western and Western regions have some negative correlations between the two rates, whereas counties that are in the South and South Eastern regions have some positive correlations between the two rates.
The rest of paper is organized as follows. The related work in the literature is summarized in Section II. The hierarchical Expectation-Maximization clustering model and ExpectationMaximization algorithm are detailed in Section III. Section IV presents the experimental results and analysis. Finally, conclusions are drawn and the future work is given in Section V.
II. BACKGROUND AND RELATED WORK
Researches have shown that disparities in the diabetes prevalence in geographic regions associated with many factors, such as socioeconomic factors [7] [8], ethnicity [3] [9] and so on.
In 2011, Barker et al. [15] published a paper that identified the diabetes belt on the U.S. map using the Behavioral Risk Factor Surveillance System (BRFSS) data of 2007 and 2008. The diabetes belt was located in the southeast region. They also concluded that the people in the diabetes belt were more likely to be non-Hispanic African-American and were those who lead an inactive life style and be obese. This research analyzed the diabetes prevalence in association with factors, such as education, gender, life style, ethnicity and so on.
Zhang et al. [5] analyzed the relationships between access to the health care insurance and control of A1C, blood pressure and lipid of the population who have developed diabetes by using statistic analysis. They found that 84% of adults are insured and 16% of adults are uninsured in U.S. The uninsured population more likely to have fair or poor health.
Mokdad et al. [9] analyzed changes in diabetes prevalence from 1990 to 1998 by selected characteristics and state. The characteristics included age-group, sex, education level, and so on. They have found that of the 43 states in the comparison, 35 showed an increase in the diabetes prevalence.
Pickle and Su [8] showed the correlations between health insurance coverage and health risk factors such as smoking, obesity, and mammography for year 1992 to 1998 by county. Geographic patterns had been shown based on each individual factor. Diabetes prevalence factor were not discussed.
Michimi and Wimberly [16] studied the geographic patterns of obesity and associated risk factors include physical activity, fruit and vegetable consumption in the U.S.. The Behavioral Risk Factor Surveillance System (BRFSS) data from 2000 to 2006 was used for the analysis. Although the diabetes prevalence rate was not directly involved, the obesity is one of the major risk factors for type 2 diabetes prevalence. Their results showed that higher prevalence of obesity was found in the counties of the South, whereas lower prevalence was found in the West and the Northeast.
To the best of the author's knowledge, no research has done in investigating the correlation between the uninsured and diabetes prevalence for geographic regions by using machine learning algorithms. This is the first research to provide synoptic picture of the correlation and the spatial patterns in U.S..
III. METHODOLOGY
The main objective of this research is to exploring whether there are the spatial patterns of correlation between diabetes prevalence and the uninsured before and/or after diabetes preventive service was covered under insurance. To this end, a hierarchical clustering model is proposed by using the Expectation-Maximization (EM) algorithm. The first level EM clustering model is to identify the geo-clusters based on the diabetes prevalence rate and uninsured rate for an individual year. The second level EM clustering model is built upon the first level EM clustering model to identify geo-clusters based on the correlations over consecutive years. Figure 1 demonstrates the proposed system framework. The description of the hierarchical clustering model and the ExpectationMaximization (EM) algorithm is given in the following subsections.
A. Overview of the proposed hierarchical clustering model
The inputs to the first level EM clustering model are two dimensional vectors (D = {v 1 , v 2 }). One dimension (v 1 ) presents the diagnosed diabetes prevalence rates (DPRs), whereas the other dimension (v 2 ) presents the uninsured rates (URs) of the corresponding counties. The outputs of first level clustering modeling include a number of clusters with their cluster centers. The number of clusters and the cluster distributions are different from one year to another. In figure 1 , the syntactic data is used to demonstrate the cluster distributions of each year. The correlation coefficient is used to calculate the relationships between the DPRs and URs within clusters. The Eq. 1 demonstrates the calculation of the correlation coefficient (Correl(X, Y )) for two variables: X = {x 1 , x 2 , . . . , x n } and Y = {y 1 , y 2 , . . . , y n }, where Cov(X, Y ) is the covariance of the variables X and Y, and S X and S Y are standard deviations of X and Y respectively.
Although the results of first level clustering provide the geo-clusters and correlations between DPRs and URs within clusters for every year. The correlations over consecutive years are not provided. To this end, the second level EM clustering model is proposed. For a specific year, the cluster center ({v c1 , v c2 }) of the cluster (C) that an input vector belongs to is used to present the input. The Piecewise Linear Approximation (PLA) [23] 
A vector is constructed to present the correlations in more than two consecutive years. Each unit in the vector is to present P LA.slope values between two consecutive years. The syntactic data in figure 1 shows that given three clustering results based on data of three years, there will be a vector of dimension of two to present the correlations over the years. Given syntactic data of five counties, based on the vector of the P LA.slope values, they could be clustered into three clusters (Green, Red and black).
B. EM clustering algorithm
The Expectation-Maximization (EM) clustering algorithm [18] has been widely used in the health informatics domains for pattern recognition [19] [20] , especially when the number of clusters is unknown. There are two major steps for the EM algorithm [18] : E-step and M-step. The E-step is to compute the posterior distribution for all data points {x 1 , x 2 , . . . , x M } by using the estimated hidden variables {C 1 , C 2 , . . . , C N } and the parameter θ for the hidden variables. The posterior computing for a given data point x i is given in Eq. 
The M-step is using the posterior distribution that is calculated at in the E-step for the hidden variables, and optimize the parameter θ using the expected values of the hidden variables, as Eq. 4.
The E-step and M-step iterate till there is no changes between the parameter θ and optimized θ for two iterations or the number of iterations reaches the pre-defined maximum number of iterations. In this study, the EM algorithm implemented in Waikato Environment for Knowledge Analysis (WEKA) [22] was employed.
IV. EXPERIMENTAL SETUPS, RESULTS AND DISCUSSION
In this research work, the published estimates of the prevalence of diagnosed diabetes by CDC [13] [5] , and the uninsured rate basically reflect the uninsured rate of the whole population. In this research, data from 2009 to 2013 of both data sets are integrated. It covers the years before and after diabetes preventive services started to be covered under the health insurance in 2010. After removing counties that has no data of either diabetes prevalence rate or uninsured rate in any the selected years, there are total of 3142 counties included in this study. The commonwealths and territories, such as municipalities of Puerto Rico are not included in this study.
A. Results of the first level EM and Discussion
The first level EM clustering model has been trained on the data for each year respectively. The table I to V shows the first level EM clustering results.
By using the EM algorithm, no pre-defined number of clusters is needed for clustering model. For each year, the number of clusters is based on values of the diagnosed Diabetes Prevalence Rate (DPR) and the Uninsured Rate (UR) of the counties. The range of total number of clusters is from 6 to 9. The results show that the overall diabetes prevalence is increasing year by year, whereas the uninsured rate is in the deceasing trend other than from 2009 to 2010. It is noticed that in each year there is a cluster 
B. Results of the second level EM and Discussion
The results of the first level EM clustering show that correlations of DPRs and URs of the counties can be similar or different for a given year. Counties' moving from one cluster to another demonstrates that the correlations between URs and DPRs over years are worth to investigate. In order to model the correlations over years, the second level EM clustering is built on top of the results of the first level EM clustering which is demonstrated in figure 1 . Given that there are five consecutive years in this study, the size of the input vectors is Through this research, geographic patterns of the correlations between uninsured rates and diabetes prevalence rates at a large scale in U.S. have been examined. The first level EM clustering results have shown that over the five years (2009 -2013) , the correlations in these two rates of the some clusters are gradually moving from negative towards positive. Based on the distributions of the clusters, there is no significantly change on distributions of the clusters that have highest UR, or highest DPR, or lowest UR in U.S.. The counties that had lowest DPR along with the lowest UR are located in the Central North and New England regions. The counties that had highest UR with median diabetes prevalence are in the Texas and Central South region. The counties that had highest DPR with median uninsured rate are in the Eastern and South East region. The number of the counties in these different clusters have changed between years. Between two consecutive years, although some counties have the uninsured rate stayed the same or even slightly increased, the diabetes prevalence rate decreased. The possible reasons could be that some of the counties have the diabetes prevalence rate under control through other strategies instead of relying on the health insurance. On the other end, some of the counties have the diabetes prevalence rate decreased along with the decreasing of uninsured rate. It implies that the diabetes preventive services under the insurance do have some impact on the diabetes prevalence. However, the usage of the preventive services need be further investigated and evaluated. The second level EM clustering results demonstrate the correlations between DPRs and URs over the consecutive years. For some regions, the correlations over time are negative, whereas for some other regions, they are positive. For the counties that the correlations over time are negative, the reason behind might be that some insurances might cover the diabetes preventive services for certain population but not the majorities of the population who might develop diabetes in that region. The other reason could be the differences in the awareness of the diabetes preventive services that are covered under the health insurance policies [12] .
Overall, the results suggest that future study need to be done on the uninsured rate combining with other factors for diabetes prevalence rate for different geographic regions. Combining with other factors might shed a light that whether the insurance need to be customized based on the population needs of a specific geographic region. In this study, the analysis of the correlations between the uninsured and diabetes prevalence rates over years was based on aggregation of two consecutive years. Future work can extend it to evaluate the continuous correlations over consecutive years.
